Abstract Fibrous dysplasia (FD) is a developmental anomaly in which the normal medullary space of the affected bone is replaced by fibro-osseous tissue. This condition is typically encountered in adolescents and young adults. It affects the maxillofacial region and it can often cause severe deformity and asymmetry. Therefore, accurate diagnosis is critical to determine the appropriate treatment of each case. In this sense, computed tomography (CT) is a relevant resource among the imaging techniques for correct diagnosis of this condition. Thus, in this paper, we propose to analyze fibrous dysplasia through its texture pattern. To accomplish this task, we propose to use lacunarity analysis, a multiscale method for describing patterns of spatial dispersion. Results indicated lower lacunarity values for fibrous dysplasia in comparison to normal bone samples, an indication that their texture images are more homogeneous, and a high separability between the classes when using principal component analysis (PCA) and decision trees for statistical analysis.
Introduction
Fibrous dysplasia is a condition in which normal bone marrow is replaced by an abnormal proliferation of fibrous tissue, where there is newly formed immature bone [1] . It is a fairly common condition among bone tumors, but it is a rare disease in the general population. The exact incidence and prevalence are difficult to establish but account for about 5-7 % of benign bone tumors. As an expansile intraosseous lesion which affects the maxillofacial region, it can often cause severe deformity and asymmetry [2] . A genetic defect involving the Gs alpha protein appears to be the basis for this process [3, 4] . It typically presents with slow growth, progressive, painless, and unilateral [5] . However, in some cases, the damage may follow a more aggressive clinical course resulting in a rapid increase in pain symptoms [6] . Radiographically, fibrous dysplasia may present a large number of image patterns: appearing radiolucent, mixed, or radiopaque. The radiographic findings depend on the degree of mineralization and maturation of the lesion [7] . In this sense, the diagnosis of fibrous dysplasia can be difficult when using only conventional radiographic techniques [4] . Computed tomography (CT) appears as a relevant resource among the imaging techniques applied to the complex maxillofacial surgery [8] .
Computer-based methods have been used for more accurate diagnosis, treatment planning, and monitoring of bone lesions [9, 10] . In addition, more recent approaches, such as lacunarity analysis, have enabled us to quantify objectively the visual attributes obtained during the process of image analysis, showing promising results in the evaluation of major diseases.
Lacunarity is a measurement of the roughness of the texture pattern, commonly used in image analysis. It is obtained by measuring the spatial distribution of the gaps in the image. It enables us to quantify the texture appearance of an image so as to compare with other images [11] . This method characterizes the spatial distribution of an image, including an average proportion in the characterization of the size and shape of the subunits contained in the image [12] . It characterizes the way the pixels are distributed and arranged in a particular region of the image, i.e., it quantifies how the space is filled [13, 14] . Thus, lacunarity is a feasible feature to measure textures in terms of gap distribution [11, 12] .
Therefore, this study aimed to analyze fibrous dysplasia by means of digital image analysis using helical computed tomography and lacunarity analysis to quantify the texture pattern from both normal and dysplastic bone areas.
Material and Methods

Image Acquisition
We performed this descriptive and exploratory study of fibrous dysplasia at Diagnostic Stomatological Clinic of the Faculty of Dentistry, University of Uberlândia -FOUFU. It was previously reviewed and approved by the Ethic Approval Board (CEP/UFU269/11). Initially, we retrieved material in the clinical digital database, which comprises all cases diagnosed from 1970 to the present date, the data of all patients previously diagnosed with fibrous dysplasia. A total of 10 patients were confirmed from clinical and radiographic criteria. We excluded some patients who had systemic conditions, which are known to alter the normal bone structure such as osteopenia, osteoporosis, osteogenesis imperfecta, and hyperparathyroidism. In addition, we also excluded those patients which were using drugs that could interfere with bone activity, undergoing radiotherapy, or were pregnant.
To describe a fibrous dysplasia sample, we collected demographic (age and sex) and clinical (location, size, duration of the lesion, type of treatment, and preservation) data of all cases, by analyzing the medical records of patients (who were identified by their number).
After the initial survey of the cases, we performed new CT scans for each patient selected. CT scans were performed in accordance with the regulations of radiation protection at the Department of Medical Radiology, Hospital de Clínicas at the Federal University of Uberlândia. We used a helical CT scanner (Somatom Spirit, Siemens®, Germany, two channels), and the images were subsequently evaluated by a viewing and manipulation program of volumetric images located in this department, which were interpreted by experienced radiologists.
We evaluated these digital images in an independent workstation (DELL PRECISION 420 Windows XP) containing the program Vitrea® version 3.4.2 (Vital Images Inc., Plymouth, MN, USA) in DICOM (Digital Imaging and Communications in Medicine). These are axial and coronal images with cuts of 2 mm, reconstruction interval of 1 mm, matrix 512×512 size, pitch 1:1, and FOV of 17.4×17.4 cm for axial cuts and 18.2× 18.2 cm for coronal cuts. We acquired both axial and coronal cuts, i.e., no image was reformatted. We carried out the description and the predominant tomographic pattern in each patient, which can be cystic, mixed, or sclerotic [15] . In our samples, six patients presented a predominant mixed pattern, while the remaining were classified as sclerotic. No patient presented a cystic pattern.
Subsequently, we selected distinct areas of lesion using the scale of Hounsfield to assess the degree of attenuation of the image [8, 12] . After the selection of the areas, there was the demarcation of three regions of interest (ROIs) in the dysplastic and contralateral normal bone ( Fig. 1 ). These areas comprise a portion of the texture image of W×W pixels size, the first area presenting the highest density, the second area an intermediate density, and the third the lowest density.
Lacunarity
Texture is usually described as one of the most important visual attributes present in an image. It is a characteristic that enables us to distinguish different regions of the image, and as a consequence, it contributes to the process of recognition, analysis, description, and classification of digital images [16, 17] .
One important approach to describe the texture appearance of an image is through lacunarity. It has been proposed by Mandelbrot, who noticed that different texture patterns presented the same fractal dimension; thus, a different measurement of the texture's roughness was necessary [18] . Lacunarity is a measurement of the spatial distribution of gaps along the texture pattern, where we measure these gaps considering a specific size. This makes lacunarity a scaledependent measurement of the texture's roughness [11, 18] .
Literature presents many different approaches to compute lacunarity. Among these approaches, one of the most known is the gliding-box algorithm [11, 19] . Developed for binary images, this method computes lacunarity by gliding a box of size r over the image. From this idea, many authors have proposed different methods for dealing with grayscale images. In general, these methods are based on the differential box counting (DBC) method [13, 14, 20] . In this work, we consider the approach proposed by Du and Yeo to compute the lacunarity of a grayscale texture [14] . For each r×r gliding box, we computed the relative height of the current box
where ⌈x⌉ computes the smallest integral value that is not less than x, i and j are the image coordinates where the box is placed, and u and v are the minimum and maximum pixel values inside the box, respectively. Then, we compute the probability distribution P(M, r), where M represents each possible value for the relative height n r (i, j)
Finally, we compute the probability density function Q(M, r)
and the lacunarity for a box size r is defined as
Image Pre-processing
We usually perform CT scans using a matrix of 512×512 size. This limited size affects the selection of some texture samples due to the small regions of some structures. This is the case of the normal bone region, which is relatively small in comparison to the affected bone area (Fig. 2) . Thus, to properly evaluate the texture sample by using the lacunarity analysis, it is important to obtain a representative area of interest.
To improve this analysis, we proposed to resize the original CT scan images to three times their original size, i.e., an image of 512×512 size was resized to 1536×1536 size. We opted by this increase in the image scale in opposition to other scale values as this choice demonstrated superior performance for the lacunarity analysis. To perform this resizing, we used bicubic interpolation [21] . We opted to use this method as it preserves the fine detail of the image while providing a resulting image which is smoother and has fewer interpolation artifacts in comparison to images obtained by other interpolation methods.
To evaluate the performance of different scale values, we considered the average and standard deviation of the lacunarity values computed for each set of cuts. Figure 3 shows the sum of the intersection between the average curves of the lacunarity values for dysplastic bone area and normal bone area in both axial and coronal cuts. We noticed that coronal images provide a better combination of average and standard deviation for the lacunarity, so that they present a small overlap of intervals between dysplastic and normal bone samples, especially when we resize the original CT scan images to three times their original size.
Another benefit from the resizing process is that the box size used in the lacunarity method is now able to evaluate the pixels of the image at smaller scales. When using the minimum box size, r=2, we are able to analyze a small region of 2×2 pixels of the image. By resizing the image to three times its original size, this region of 2×2 becomes 6×6 pixels size. Thus, using the minimum box size, r=2, we are able to analyze the small transitions between the pixels which could not be considered in the original size of the image.
In the sequence, we selected three regions of interest (ROIs) in the dysplastic and contralateral normal bone, as described in BImage Acquisition^, for coronal and axial images. We performed this task for each one of our 10 patients. These ROI areas correspond to a portion of the texture image of W×W pixels size, and in our tests, we used W=33. We selected this value of W as it is the maximum window size that fits in the normal bone region of the resized image. Here, we consider each selected ROI as a texture sample. Then, we computed the lacunarity for each texture sample. Fig. 2 Size comparison between the image regions studied. Left: dysplastic bone area; right: normal bone area As described in BLacunarity^, lacunarity is a scaledependent measurement for describing texture patterns. Thus, we considered different r values to compute this measurement for each texture sample. As the texture sample selected is 33× 33 pixels size, we chose to use small r values, in this case, r={2,…, 10}. We opted for this set of r values as they enable us to glide the box during the lacunarity calculus longer than a larger box. In consequence, the method is able to analyze different portions of the image individually. Moreover, for each r value, we computed the average lacunarity value obtained for the three extracted samples.
Decision Tree
A decision tree is a simple, but powerful tool, for decision analysis. It is a classification method based on inductive learning. Its goal is to create a tree model where each branch represents a decision rule applied over an attribute of the sample, while the leaf node of the tree represents the most probable classification [22] .
A well-known example of this classification method is the medical diagnosis, where the tree model maps the symptoms of a patient to the most probable diagnosis.
In this work, we used the C4.5 algorithm to build the decision tree. At each node, this algorithm selects the attribute that most effectively splits the set of samples into two subsets representing different classes of data. Both attribute and splitting criterion are selected based on the normalized information gain, which uses the concept of information entropy [22] .
Principal Component Analysis
Principal component analysis is an important tool for identifying patterns in data, thus evidencing its similarities and differences. It is an orthogonal linear transformation that transforms the original data to a new coordinate system, where each coordinate is called a component. In this new system, the first component has the largest possible variance, the second component has the second largest variance, and so on [23] .
It is especially important for the analysis of data represented by variables possibly correlated. In this case, principal component analysis (PCA) maps these variables into a set of values of linearly uncorrelated variables, thus improving its posterior analysis.
Grubbs' Test
Grubbs' test is a statistical test that detects outliers assuming a normally distributed population. It is based on the difference of the mean and the most extreme samples considering the standard deviation of the population of samples. The result of this test is the probability that the sample belongs to the set [24] . This test evaluates a univariate data, so that we applied it for the average lacunarity value computed using a single r value. We considered the significance level α=0.05.
Results
By analyzing the average lacunarity computed from normal and dysplastic bone samples in tomographic scans, we found evidence that fibrous dysplasia in coronal cuts presents a lower lacunarity value, an indication that their texture images present a more homogeneous gap distribution than those from normal bone area [11, 12] .
Using a decision tree, we are able to correctly classify 84.21 % of the bone samples [22] . This is achieved using only Fig. 3 Sum of the intersection between the average curves of the lacunarity values for dysplastic bone area and normal bone area in both axial and coronal cuts two lacunarity values, Λ(2) and Λ(3). After applying PCA over these lacunarity values, we increase this success rate to 89.47 % [23] .
Discussion
Firstly, we computed the average lacunarity value for the three extracted bone samples. We performed this step for both dysplastic and normal bone regions selected from coronal and axial images from each patient. By using the average, we avoid abrupt oscillations in the lacunarity due to grayscale variations in a bone region, as it may present darker and brighter areas in the same region. As a result, each patient is represented by four datasets of average lacunarity values: (i) coronal normal bone, (ii) coronal dysplastic bone, (iii) axial normal bone, and (iv) axial dysplastic bone.
Once we have the average lacunarity values, we investigated the presence of outliers in the samples. We applied Grubbs' test on the average lacunarity value computed using r=2. As a result, three samples were discarded: two from axial normal bone and one from coronal normal bone. No samples from dysplastic bone datasets were discarded.
After removing the outliers, we performed some statistical analyses in the lacunarity data. To accomplish that, we considered axial and coronal cuts as independent sets of images. We separated the samples in order to evaluate whether there might be a difference in the discrimination ability of the cuts. For this test, we focused on the simple analysis of the average and standard deviation of the lacunarity values computed for each set of cuts, as shown in Fig. 4 . It is possible to note that fibrous dysplasia in tomographic scans presents a lower lacunarity in comparison to normal bone samples. According to literature, this is an indication that their texture images present a more homogeneous gap distribution than those from normal bone area [11, 12] . We also noticed that the distance between average lacunarity curves from normal and dysplastic bone is larger for coronal cuts (Fig. 4b ) than for axial cuts (Fig. 4a) . To assure a better separation of the samples, it is also important that the samples present a small standard deviation. This guarantees that different types of samples (normal and dysplastic) present a small intersection in their values, i.e., the similarities between different types of data are small. In this sense, coronal cuts provide better information of the lesion in comparison to axial cuts. Coronal cuts provide a better combination of average and standard deviation, so that there is little overlap of values.
The reason why coronal cuts provide better information is not clear, since there are no significant differences in the acquisition process and in the visual aspect of the texture. One possible explanation for this is that an axial cut provides a transverse view and it could mask some aspects of the texture of the lesion, while a coronal cut gives a frontal view and it is clearer for analysis purposes.
In the sequence, we evaluate the worth of each lacunarity value for classification purposes. We accomplished this task by considering the predictive ability of each lacunarity value along with the degree of redundancy between them [25] . Results indicated that the lacunarity computed for r=2 and r=3 is highly correlated with the class (normal and dysplastic bone). Figure 5a shows the plot of these lacunarity values. The plot of these values shows that there exists a considerable separation between the two types of samples. Thus, we computed a decision tree in order to create a classification strategy for the samples, as shown in Fig. 5b . A total of 84.21 % of the samples are correctly classified in their respective classes. This is an excellent result if we consider the small texture sample used (33×33 pixels size) due to the difficulty of extracting relevant image samples of the normal bone area of the tomographic scans. However, only one lacunarity value was used. The decision tree was not able to exploit the second attribute Fig. 4 Average lacunarity values computed for both normal and dysplastic bone using different r values. a Axial cuts; b coronal cuts as both attributes are oriented over the same line. Thus, we decided to apply a principal component analysis (PCA) over these values [23] . As we are using only two values of lacunarity (computed using r=2 and r=3, respectively, Λ 2 ð Þ and Λ 3 ð Þ ), we are able to compute two components (C1 and C2) as follows: Figure 6a shows the plot of the first (C1) and second (C2) components. The plot of the first and second components shows that PCA helps to improve the separation of the two classes of samples. Thereby, we also decided to compute a new decision tree for the two components, as shown in Fig. 6b . Due to the PCA, this new decision tree is able to exploit both attributes to classify the samples and it achieves an accuracy of 89.47 %. As we can see, by using a simple linear transformation such as PCA, we are able to perform a more accurate classification between normal and dysplastic bone than single lacunarity values.
Statistical results of the lacunarity show that this is a feasible approach to separate the normal from dysplastic bone samples. In routine clinical practice, this approach could be used to increase the accuracy of a diagnosis, thus preventing the need for more invasive steps, such as biopsy or surgery. However, its use is not limited to these tasks. Lacunarity could also be used to quantify the severity of disease or to differentiate benign from malignant tumors. Literature presents various examples of the use of lacunarity in other scenarios, such as to assess osteoporosis [12] , microvascular morphology [26] , to analyze the behavior of prostate cancer [27] and breast tumor lesions [28] , and to measure cell cancer behavior [29] .
Conclusions
This paper has presented a novel approach of fibrous dysplasia characterization through lacunarity. Fibrous dysplasia characterization is a difficult task due to the similarity that exists between it and the normal bone samples and the limited region of the normal bone of the tomographic scans used in the comparison.
Samples of normal bone and fibrous dysplasia were collected and lacunarity analysis was performed. Results Distribution and classification of the samples according to the two principal components computed using PCA. a Plot of the two principal components (C1 and C2); b computed decision tree. By using the two components, it is possible to classify the samples between normal and dysplastic bone with an accuracy of 89.47 % indicated that fibrous dysplasia in tomographic scans presents lower lacunarity in comparison to normal bone samples, an indication that their texture images are more homogeneous. Moreover, statistical analysis using principal component analysis (PCA) and decision trees has shown a high separability between the classes.
